Abstract: From a series of 50 MK801 derivative molecules, a selected set of 44 compounds was submitted to a principal components analysis (PCA), a multiple regression analysis (MRA), and a neural network (NN). This study shows that the compounds' activity correlates reasonably well with the selected descriptors encoding the chemical structures.
Introduction
The excitatory amino acids' receptors are implicated in the pathology of neurological and neurodegenerative disorders such as epilepsy, Huntington's and Alzheimer's diseases, schizophrenia, etc. [1] [2] [3] . Among the attempts to discover neuroprotective agents, one is directed towards the search of noncompetitive antagonists of the NMDA receptor. The discovery that MK801 is a selective noncompetitive antagonist of the NMDA subclass of receptors, for the excitatory amino acid Lglutamic acid, in brain tissue, has provided insight into the underlying mechanism of the anticonvulsant action [4] . Based on the hypothesis that there exists an active common structure in the central nervous system consisting of an aromatic group and nitrogen atom, several geometric models have been proposed. In these models, the receptor sites have been localized and several authors tried to describe geometrically the interaction mode [5] [6] [7] [8] [9] [10] [11] [12] . In a previous study we have proved that the pharmacophore is conform to one of MK801 configurations [13] .
In this work we attempt to establish a quantitative structure -activity relationship for noncompetitive antagonists of NMDA receptor by studying a selected series of 44 MK801 derivatives (dibenzo [a,d] cycloalkenimines) from 50 compounds [4] . We accordingly propose a quantitative model, and we try to interpret the activity of the compounds relying on the multivariate statistical analyses. The principal components analysis (PCA) has served to classify the compounds according to their activities and to give an estimation of the values of the pertinent descriptors that govern this classification. The multiple regression analysis (MRA) has served to select the descriptors used as the input parameters for a back propagation network (NN). This linear method (MRA) has served also to predict activities, but when compared with the results given by the NN, we realized that the predictions fulfilled by this latter were more effective. To test the performance of this model we have used the cross validation method, thereafter, the activities of the remained set of 6 compounds are deduced from the proposed quantitative model with NN.
Methods and Equipment
So as to determine a quantitative structure -activity relationship for noncompetitive antagonists of NMDA receptor, we achieved our study on a series of 50 molecules that have been synthesized and evaluated for their ability to displace MK801from its specific binding site on rat cortical membranes (Ki) and for their antagonist activity to the NMDA receptor, as demonstrated by Thompson et al. [4] . 44 molecules are selected to propose the quantitative model (training set), and 6 compounds that have been selected randomly, have served to test the performance of the proposed model (test set). All these MK801 derivative molecules (Figure 1 ) are described by their substituents R1, R2, R3, R4, R5, R6 and R7, (Table 1 and Table 5 ). In reality, Thompson et In this work the activity will be expressed in the logarithmic form (logKi). The pharmacological activity Ki has been expressed in µM [4] . In the cases where Ki has been given in an interval, we have retained the minimum value. Values of logKi are divided into three parts, the activity is considered raised, when logKi ranged from -2 to -1, average when logKi ranged from -1 to 0.114, and weak when logKi is > 0.114. The study that we have achieved consists of a principal components analysis (PCA) with the aid of a software called STATLAB. 2 [14] , a multiple regression analysis (MRA) available in a software called SYSTATW5 [15] , and a neural network available in a software called MATLAB [16] .
To describe molecules we have chosen the properties that could have a role in the interaction of a molecule with the site receptor. For example the size can be a determinant factor of the activity for a molecule; in fact if the size of a molecule is not suitable for the site receptor the interaction with the receptor becomes impossible. The hydrogen bonding and the electronegativity are also important for the activity because to interact with a receptor, a hydrogen bonding can be formed. An interaction between phenyls is also possible using the π electrons of phenyls. The lipophlicity as it is known is an important property for the activity.
The physico-chemical parameters used then to describe molecules are as follow: the molecular weight (MW), the Van der Waals volume (VW) [17] , the substituent length (L), electronic parameters as the electronegativity (EN) [18] , the molar refraction (MR) [19] , hydrogen bonding acceptor (HBA) [20] and donor (HBD) [20] , the lipophilicity represented by fragmental constants (fi) [21] [22] [23] , and finally the functionality Fpi [24, 25] . These 9 physico-chemical parameters were calculated for the 7 substituents (R1,…,R7), for each molecule (63 descriptors). Five descriptors, Fpi(R1, R2, R4, R6, and R7), having a singular matrix (all their values are null or, are all the same), were eliminated. Overall, 58 descriptors were exploited to study and explain the structure-activity relation. 
Results and Discussion

Principal Components Analysis
The totality of the 58 descriptors (variables) coding the 44 molecules was submitted to a principal components analysis (PCA). Thirty-five principal components were obtained. The first three axes F1, F2, and F3 contributing respectively 25.4%, 15.7% and 13.29% to the total variance, were sufficient to describe the information represented by the data set. In the projection of the compounds in the plane of the two first axes F1 and F2 (Figure 2) In examining the descriptors evolution in the three regions, we noticed that the size, the electronegativity and the lipophilicity governed, with a great precision, the distribution of the compounds in each region. Indeed, in region 1 are situated the compounds whose L(R3) lies between 2 and 3. In this region the activity is higher when EN(R3) is included between 2.54 and 5.62 and fi (R3) is included between 0.7 and 2.56 as for compounds 2 and 5 having respectively R3=CH3 and R3=CH2-CH3 (Table 1) . Otherwise, when fi(R3)<0.7 the activity is average (region 2), and when fi(R3)<0.54 the activity becomes weak (region 3). Furthermore, the activity seems to be linked also to the electronic nature of the radical R5. Thus when EN(R5)>0 and HBD(R5)>0, the activity is higher and when EN(R5)=2.54 and HBD(R5)=0 the activity declines. Similarly, for the radical R2, the size, notably the length, and the electronegativity play a very important role on the activity. So, in region 1, are situated only compounds having L(R2)=1 and EN(R2)=0, this means that R2 would be a monovalent and non electronegative atom, it is only the hydrogen atom that satisfy these criterions (R2=H). However all compounds having L(R2)>1 and EN(R2)>0 (R2≠H), are situated in regions 2 and 3 as for compound 4 in which R3=CH3 is satisfying for the activity but R2=OH is not, so with an electronegative group in this position a molecule looses its activity.
In attempting to analyze these results we conclude that to predict activity for any molecule, we must respect some physico-chemical properties of the substituents. The size, the electronegativity and the lipophilicity of R3 seem to be linked to each other. Therefore, in order to obtain increased activity for a molecule, we must satisfy, at the same time, the three descriptor's norms and respect their values as it is shown above. In Table 2 we have noted that the descriptors of R3 have the largest contributions, so it is reasonable to conclude that R3's descriptors have the largest impact on the prediction of the activity. The same, we have to respect the electronic nature of R5, and finally, the nitrogen substituent's structure (R2), determined by the length and the electronegativity of this substituent. So when R2=H the activity is raised and when R2≠H the activity declines. As Thomson et al [4] have concluded, the substitution on the ring nitrogen, is not tolerated. We note that the nitrogen atom is considered as an essential element for the activity in this receptor, it interacts with the receptor with the formation of hydrogen bonding [13] .
Multiple Regression Analysis
In order to propose a mathematical model and to evaluate quantitatively the substituent's physicochemical effects on the pharmacological activity of the totality of the set of these 44 molecules, we submitted the data matrix constituted obviously from the 58 physico-chemical variables corresponding 
The t-values are shown in Table 3 . The values of predicted logKi (logKi-mra) calculated from equation (1), and observed logKi values (logKi-obs) [4] are given in Table 1 . The correlation of predicted logKi and observed logKi are illustrated in figure 3 . (1) by MRA were, therefore, used as the input parameters in NN.
Neural Network
Despite the good results obtained by the Multiple Linear Regression Analysis, notably the good correlation coefficient and the best predictions of the logKi shown in figure 3 , it is always probable that a non linear relation may occur. The Neural Network (NN) is a suitable concept to achieve this goal. Several studies of QSAR have indeed been fulfilled using NN [26] [27] [28] [29] .
Training
In this work, we submitted the training set to a feed-forward network with three layers and complete connections between neurons. The input layer is constituted by the 14 descriptors proposed in equation
(1), the hidden layer is selected with 2 tansig neurons, and the output layer is a linear neuron (14-2-1).
The correlation coefficient obtained is 0.995. The number of nodes in the hidden layer is an important factor determining the network's performance. It was found that too many nodes cause the network to memorize the data set (overfitting). However, networks with few nodes may be insufficient to use all the information of the data set (underfitting) and generalization is poor. Previous studies conducted to determine the appropriate number of hidden units suggest that ρ, the ratio of the number of data points to the number of adjustable weights in the neural network, should have a value between 1.8 and 2.3 [27, 30, 31] . For a network with a 14-2-1 configuration, the number of weights is 33, therefore ρ = 1.33, far from the optimal values. In the attempt to propose a model with less descriptors than proposed by MRA, the elimination of five descriptors (HBD(R3), HBD(R5), HBA(R4), Fpi(R3), Fpi(R5)) allowed to an acceptable network with a 9-2-1 architecture, ρ = 1.9. In examining the data matrix of these descriptors we found that the majority of their values are null, so we expect that their elimination will not have a concrete impact on the model. 
Test
We have used the cross validation method with 'leave one out' procedure [32] , for the aim of testing the performance of the NN and the validity of the choice of our descriptors. The calculated logKi values (logKi-cv) are given in table 4, and the correlation obtained is illustrated in figure 5 . The cross validation coefficient is r cv = 0.926, the square r 2 = 0.857, the standard error s = 0.244.
In the aim to test the predictive power of our model, the activities of the remained set of 6 compounds (test set) are deduced from the quantitative model proposed with the 44 molecules Figure 5 . The correlation of predicted logKi (logKi-cv) Calculated using the cross validation method with 'leave one out' procedure and observed logKi (logKi-obs). The comparison of the values of logki-test to logki-obs shows that a good prediction has been obtained for the 6 compounds. The good results obtained with the cross validation and with the prediction of activities of the 6 compounds, shows that the model proposed in this paper is able to predict activity with a great performance, and that the selected descriptors are pertinent.
The model was cross validated using "leave one out" procedure because we have a small set, so we
have not fit only 6 point data but all the data points (44 compounds) are fitted with the cross validation 
Conclusion
The statistical analysis that we have undertaken to establish a structure-activity relationship for the antagonists of the NMDA receptor, showed that the activity of the MK801 derivatives is closely linked to the physico-chemical descriptors of radical R3, R5, and R2. Thus the size, the electronegativity, and the lipophilicity are estimated as relevant factors for this model. These descriptors selected automatically by MRA showed a high correlation of predicted logKi calculated by NN and observed ones. The test of the performance of this quantitative relationship, by the cross validation method (r = 0.926) and the prediction of activities of 6 compounds (r = 0.992), showed that the model proposed in this paper is able to predict activity with a great performance, and that the selected descriptors are pertinent.
